Abstract-Neuronal cell polarization (i.e., establishment of an axon) and axon guidance are mediated and controlled by mechanical and chemical signals from the environment. Unfortunately, an integrated approach to study cell-substrate interactions in a unified framework incorporating structural and chemical effects of the substrate has been lacking. In this paper, we present a new model combining experimental and computational methods to better understand the distinct behavior of E18 hippocampal neurons in response to topographical vs. immobilized chemical cues. We present results from our coarse-grain physiological computational model that correctly describes previously observed phenomena and predicts behavior that was subsequently tested through new experiments. The model differentiates topographical from chemical cues via a difference in cue spacing in these two substrates. Using the feature size spacing for topographical cues and a minimum step size, governed by the physics of filopodia protrusion, for chemical cues, the model successfully mimics the trend observed in experimental polarization probability for four different topographical feature sizes and constant chemical cue spacing. Our results not only show good agreement with experiments, but also provide novel suggestions for development of substrates for finer control of neuronal cell polarization.
INTRODUCTION
Extracellular signaling regulates neuronal behavior in differentiated and undifferentiated systems. 11, 14, 26, 32, 37, 47 In embryological neural development, each newborn neuron first migrates to a specific location before extending an axon and dendrites. 23, 30, 31 After neurons migrate, they follow a process of polarization, during which cells extend neurite processes equally in all directions. An axon typically forms after a neurite has extended 15 lm farther than other neurites. 20 This process of formation of an axon is called axogenesis or polarization. In vitro neuron growth studies on polarization suggest a definitive role of extracellular cues in this process. In these experiments, the neurite that finds a more favorable substrate transforms into an axon, while other processes become dendrites.
14 After the axon is clearly established, the combination of signals at the growth cone determines the specific pathway by which axons travel toward their target cells and establish connectivity. 40, 50, 51 In addition, a similar scenario arises in peripheral nerve injuries, where the regenerating axons sprout growth cones that migrate along the surrounding substrate, guiding axon extension. For these last two processes, it is the integration at the growth cone of soluble chemoattractants and chemo-repellants, 44 as well as insoluble signals located on other cells or in the extracellular matrix (e.g., laminin) which dictates axon migration speed and direction. 3, 5 Numerous environmental stimuli, including substrate topography, 45 growth factors, 27 chemical and structural components of the extracellular matrix (ECM), 7 conducting materials, 29 and support cells, 36 have been investigated with the purpose of inducing axogenesis and axon guidance in neurons. Although some progress has been made in investigating neuronal behavior in response to competitive stimuli, 17 the cellular mechanisms that underlie the observed neuronal behavior have yet to be fully understood. Furthermore, even though topographical control of cells has been well documented, 10 there exists little information on the mechanisms for why topography is typically more dominant than immobilized chemical cues for stimulating neuronal polarization. 17, 18 Moreover, axon decision making in the presence of competitive cues has not been fully investigated. This problem is further complicated because most direct competition schemes used to investigate the distinct behavior between chemical cues and topographical cues present the chemical cue in an immobilized fashion (haptotactic) rather than the more favorable soluble form (chemotactic). 18, 19 Although there is a proposed metabolic pathway for immobilized chemical factors, such as neurotrophins, it is difficult to isolate the effect of immobilized chemical cues vs. topographical cues because almost all topographical cues, at some scale, present chemical cues and vice versa. This is problematic, as without a complete understanding of how competitive cues affect axon decision making, it will be difficult to fabricate an optimized engineered neural scaffold.
Neurotrophins are a group of growth factors that have been extensively used in investigating neuron development and behavior to extracellular stimuli. 12, 15, 39 Neurotrophins promote different effects on neurons, in particular trophic effects (i.e., neurite growth), chemotatic effects (i.e., neurite orientation), cell survival, and differentiation. Nerve growth factor (NGF) is the most studied and characterized neurotrophin and has been reported to play a role both in polarizing cells and on the guidance of individual growth cones. Hippocampal cells that have been exposed to NGF polarize faster; it has been proposed that this effect depends on ceramide based cascades produced through the binding of the p75 NTR receptor. 4, 52 On the other hand, NGF action on individual growth cones has been extensively investigated and related to increases of GTPases Rac1 and Cdc42, mediators of actin polymerization in neurites. 1 In addition to trophic effects, NGF has a chemotactic effect on neurons, in which neurites sense gradients of growth factor and extend up the gradient toward higher concentrations. 32 The advantage of using or studying NGF over other chemical cues is that NGF retains its biological activity when immobilized. 26, 27 This allows the researcher, through surface functionalization techniques, to develop novel substrates that can be used to directly compare biologically active chemical cues (i.e., surface receptor-mediated cues) to other adhesive chemical cues (i.e., integrin-mediated cues). 17 Results from such studies can provide insight into the differences between surface-receptor mediated biological pathways and mechanosensory pathways that involve cytoskeletal machinery such as laminin, known to induce axogenesis. 14, 31 Recent studies have demonstrated that physical structure and topography have significant effects on cellular behavior such as the spreading of fibroblasts. 6, 8, 9 Specifically for neurons, micron scale topography can promote contact guidance, which is observed in natural physical cues provided by glial cells. 23, 42, 49 In an attempt to mimic the topographical features found in the body, artificial substrata have been designed with microstructures using lithographic techniques. 18 It is hypothesized that topography induces neuronal polarization as a result of local differences in tension that the growth cone experiences. The exact mechanism by which this occurs is not well understood. Therefore modeling and the use of computer simulations to understand complex natural phenomena may be useful to explain how neurons interact with external cues.
Current physiological models of neuronal polarization have focused primarily on a specific component of the neuron rather than the entire neuron. Several models involve solving a system of ordinary differential equations (ODEs) or partial differential equations (PDEs) that describe a simplified compartment to model a sub-cellular feature of the neuron. Examples of this are the models that describe the diffusion of a key protein from its fabrication site at the cell soma to the growing end of the neurite. 21, 22, 24, 28 These models have addressed a number of interesting issues such as neurite initiation, elongation, and branching. Other models have also addressed issues related to cytoskeletal mechanics in the growth cone or neurite outgrowth. 43 In spite of these efforts, a cellular-level understanding of how substrate topography and chemical cues influence neurite extension and axon formation has been elusive. In this paper, we address this issue by developing a novel model to describe neuronal behavior to competitive stimuli as well as to individual cues. Our model captures all three of the major neurite processes observed in vitro and believed to also occur in vivo, namely, initiation, polarization, and axon path-finding. In addition, the model is inherently stochastic and is governed by the distance between adhesion sites. Finally, the model explains neuronal behavior on a specific biomaterial surface and shows excellent agreement with published experimental results. The model also outlines numerous avenues for further experiments to develop a comprehensive and systems level understanding of neuron-substrate interactions.
MATERIALS AND METHODS
Our model is based on both theoretical and experimental results. The main focus is to develop an integrated model that will distinguish between neuronsubstrate interactions that are purely chemical in nature and interactions that have a topological and a chemical component. In addition, our goal is to develop a model that is not only able to capture results of existing studies but is also capable of predicting results in future experiments.
Development of Algorithm
Our model is based on the assumption that the distance between distinct cues (i.e., ''cue-to-cue'' distance) is the key parameter in describing and predicting neuronal cell behavior to different extracellular cues. Mogniler et al. 38 have shown that the minimum filopodia length both experimentally measured and theoretically predicted is between 0.5 and 1.5 lm. We utilize an intermediate value of 1 lm within this range as the minimum step size, nmin, to model a surface coated homogeneously with NGF. For topography, the cue distance was assumed to be equal to twice the feature size (i.e., the width of a ridge or microchannel). This was used since it was assumed that on average a growing neurite will span from ridge to adjacent ridge, and that the intrinsic stiffness of the neurite inhibits the transition from perpendicular migration across the ridge to parallel neurite outgrowth along the length of the ridge. The intrinsic stiffness of the neurite originates, in part, from the high persistence lengths of the actin and microtubule cytoskeletal components; as a result, the neurite cannot bend at sharp angles between ridges. As mentioned previously, this distance between adjacent ridges or microchannels (i.e., ''cue-to-cue'' spacing for topographical features) by definition is twice that of the feature size (i.e., the width of each individual ridge and/or valley). Figure 1 illustrates schematically how the extracellular topographical and chemical cues were treated in the computational algorithm.
We used this scheme to differentiate between substrates with topographical and chemical cues and to select a trial configuration for the system. The initial configuration starts by defining the initial number of neurites and randomly distributing them on the periphery of the cell soma. The initial number of neurites was set to 10 because this is within an order of magnitude of the experimentally observed average number of neurites in hippocampal neurons, as first reported by Banker and Cowen. 2 The excluded area of the cell soma is modeled as a circle with a diameter of 15 lm. Moreover, the excluded area for each neurite is defined as a rectangle with a width of 3 lm. Both the excluded areas of the cell soma and neurites are within the experimentally determined dimensions for hippocampal neurons. Before each move of a neurite, the model assesses whether the lattice coordinate is free or is excluded by either the cell soma or of one of the growing neurites. For a given time step ''j'', each growing neurite on both topography and chemical substrates moves to a new set of coordinates as defined by the following set of equations:
In Eq. (1), x i,j , y i,j are the x and y coordinates for the ith neurite at the jth time step for the topographical substrate scenario, whereas xc i,j , yc i,j are the equivalent values for the chemical substrate scenario. The angle h is the angle chosen by the neurite for the subsequent step. For example, an angle of 90 degrees would imply Since the nerve growth factor's individual spacing (~0.02 lm) is so small in comparison with the neurite it can be considered as a continuum. As such, it was argued that the minimum step size is dependent on the minimum size of filopodia on each growing neurite (nmin) rather than the cue-to-cue spacing for immobilized NGF.
that the neurite chooses to move in the same direction as the previous step, whereas an angle of 0 or 180 degrees would imply a move that is perpendicular to the previous step. In Eq. (1), b and c are constants equaling -1 or 1 depending on the angle chosen, whereas z is twice the feature size, k, for the topographical scenario. The angle h can vary from 0 to 180 degrees.
Before the new coordinates are accepted, they are tested against both an excluded volume criterion and an acceptance probability. An acceptance probability is introduced to model the intuitive fact that as a given feature size or cue-to-cue distance increases, the probability that a growing neurite will be able to span that distance will decrease. The acceptance probability functionality is modeled as an exponential and is defined as:
where Dr is the displacement vector of the ith neurite for the jth time step, and l* is the effective characteristic length of the growing neurite. It should be noted that the acceptance probability functionality, as defined in Eq. (2), is chosen to describe the neuronal behavior to these cues as previously observed by Gomez et al. 18 It thus has no direct relation to the transition probability as defined by the Canonical Ensemble formulation. Furthermore the acceptance probability of the reverse move is assumed to be zero. This is a reasonable assumption since the reverse move of a neurite within a single step is energetically prohibited because of the high persistence of actin filaments and microtubules.
Simulations of the topography and chemical scenarios were performed in parallel, and results were compared after each simulation to assess whether either had reached the polarization criteria. A neuron is defined as being polarized when one of its neurites becomes at least 15 lm longer than all other neurites. This criterion is based on previous experimental observations as first reported by Goslin et al. 20 Each simulation was repeated 10,000 times to ensure ergodicity and independence on initial conditions. A complete state diagram for the algorithm used in our simulations is found in Fig. 2 .
Feature sizes for the topographical scenario are varied from small (1 lm) to large (1000 lm) to capture the effect of feature size on polarization. In these cases all other variables (i.e., minimum step size, nmin; number of neurites, n; characteristic length, l*) were maintained constant. We also investigated the effects of characteristic length, l*, on polarization by varying the characteristic length (10, 17.7, 50, 110 lm). Finally, to test the dependence of our model on the minimum step size, nmin, the algorithm was implemented for three different step sizes (0.5, 1, 1.5 lm). Table 1 lists the parameters used in the simulations to obtain the results below.
Experimental Methods
To ensure that our model is able to capture and predict novel features of neuron-substrate interactions, we not only compared our results to existing experimental data but also carried out several novel experiments to test and validate our theoretical calculations. The following sections briefly describe our experimental methods.
Microfabrication of Physical Cues
Microchannels (i.e., ridges) of 1, 2, 5, and 10 lm in width and 400 nm in depth were created on polydimethylsiloxane (PDMS) using standard soft lithography techniques. Microfabrication of these devices consists of three steps. 17 First, electron beam (E-beam) lithography was used to make a silicon mask with the desired ridge patterns (i.e., topographical cue spacing). Second, standard etching and microfabrication techniques were used to make a silicon master with the final microchannel dimensions from the silicon mask. Finally, soft lithography was used to make a replica mold of the master from PDMS. The detailed procedures are described below.
Silicon wafers, with a SiO 2 layer, were first spincoated with 4% poly(methyl methacrylate) PMMA resist in chlorobenzene (Microchem, Newton, MA). An E-beam lithographic tool (Raith-50 and XL-30 SEM, LaB 6 source) with an area dose of 220 lAs/cm 2 and beam current of 0.215 nA was subsequently used to create microchannels of 1, 2, 5, and 10 lm spacing on the PMMA resist.
Following the resist development, a thermal evaporator (Denton) was used to deposit a 100 nm chromium (R.D. Mathis, Long Beach, CA) film and this was subsequently followed by a lift-off with acetone. After this step, a reactive ion etcher (Plasma Technology) was used to etch off 400 nm of the SiO 2 layer with a mixture of CHF 3 and O 2 . Before the master could be used for replica molding of PDMS (Sylgard 184, Dow Corning, Midland, MI), the master was silanized with tridecaflouro-1,1,2,2-(tetrahydrooctyl)trichlorosilane (Gelest, Philadelphia, PA).
Soft lithography was employed to make PDMS substrates. To make PDMS, a 10:1 w/w mixture of base to curing agent was mixed rapidly and degassed for 30 min before being poured into a 10 cm Petri dish containing the master. The thickness of the PDMS film was controlled at 3 ± 0.01 mm and allowed to cure = = = FIGURE 2. State diagram. The above state diagram shows the logic tree for the algorithm used in our computational model. Briefly, the computation starts a timer, inputs initial conditions (l*, k, nmin), and goes through two parallel paths. Path 1 leads to the topographical domain whereas path 2 leads to the chemical one. In each path, a random angle is chosen for each migrating neurite and new x, y coordinates are either accepted or rejected through an acceptance probability.
under vacuum for 24 h. All PDMS substrates with microchannels were sonicated in 70% ethanol for 15 min, UV-sterilized for 3 h, and placed in a 3 cm diameter 6 well multiwell tissue culture dish. Substrates were then coated by incubation with a solution of polyallylamine in water (7 mg/mL) overnight and washed twice with distilled-deionized (DDI) water.
Immobilization of NGF
We performed NGF photochemical fixation using a phenyl-azido group. The method used was developed by Matsuda et al. 34 and modified by Ito and colleagues for immobilization of growth factors. [25] [26] [27] Briefly, the method begins with the synthesis of N-4-(azidobenzoyloxy)succinimide through the addition of dicyclohexylcarbodiimide (Sigma-Aldrich, St. Louis, MO) (6.7 g) in tetrahydrofuran (75 mL) to a solution of N-hydroxysuccinimide (Sigma-Aldrich) (3.7 g) and 4-azidobenzoic acid (TCI America, Portland, OR) (4.8 g) in tetrahydrofuran (75 mL). Separation of urea side products from the target product, azido-NHS, was then performed through filtration and crystallization with isopropyl alcohol/diisopropyl ether (SigmaAldrich). Next, a solution of 15 mg of polyallylamine (Aldrich) in 10 mL of phosphate buffered saline (PBS, pH 7.4) was added to a solution of 13 mg of the azido-NHS in 5 mL of N,N-dimethylformamide and stirred for 24 h at 4°C. The solution was then treated to three cycles of ultrafiltration (10,000 Da NMWL; Millipore, Billerica, MA) followed by washes with 10 mL of distilled-deionized (DDI) water. After the final purification step a volume of~300 lL of photosensitive polyallylamine (PAA-azido) was obtained.
The PAA-azido conjugate was diluted in DDI water to obtain a final volume of 1.2 mL (1:4). A total of 50 lL of this solution was then cast on a PDMS substrate (1 cm 2 ), air dried in a vertical flow hood, and exposed to UV radiation with a UV lamp (Blak-Ray, 22 mW/cm 2 , k max = 365 nm) for 15 s. This was followed by three washes with 0.05 M HCl and two washes with PBS. A second layer of the photosensitive polyallylamine (50 lL) was then cast on the substrate and processed as described above. Finally, a layer of NGF was cast and immobilized on the substrate using the UV lamp conditions mentioned above, except no washes with HCl were performed. This yielded a final surface concentration of NGF of 0.11 ng/mm 2 as previously determined by Gomez et al. 18 For controls, in the final step PBS only was added instead of NGF solution.
E18 Hippocampal Cell Culture
E18 hippocampal neurons were used for the cell studies. They are ideal in investigating polarization because they only form one axon. 17, 20 For cell culture, treated PDMS substrates were transferred to sterile glass slides, washed twice with sterile water, air dried, and stored at 4°C. Before cell culture, sterile PDMS wells (1.25 9 1.25 9 1.5 cm) were placed such that they encased the treated PDMS substrates. Next, embryonic rat hippocampal cells (E18) were isolated from commercially obtained hippocampus tissue (Brainbits, Springfield, IL). The isolation involved dissolving the extracellular matrix of the brain in papain (Worthington, Lakewood, NJ) in Hibernate E medium (BrainBits) (4 mg/mL) at 30°C for 25 min, followed by physical trituration with a fire-polished Pasteur pipette. Further isolation was accomplished through centrifugation (Sorvall Legend RT) of the resulting solution for 2 min at 200g. The cell pellet was then dissolved in 1 mL of culture medium, counted, and plated on substrates (1.0 9 10 3 cells/cm 2 ) with culture medium. Culture medium consisted of Neurobasal Medium (Invitrogen, Carlsbad, CA) supplemented with 2% B-27 (Invitrogen), L-glutamine (Fisher, Waltham, MA, 0.5 mM), L-glutamic acid (Sigma-Aldrich, 25 lM), and 1% antibiotic-antimycotic (Sigma-Aldrich, 10,000 units/mL of penicillin, 10 mg/mL of streptomycin, and 25 lg/mL of amphotericin). For negative controls, PDMS substrates were coated only with PAA-azido.
Polarization Analysis and Time Study
Cells were cultured at 37°C, 5% CO 2 in a Forma Series II incubator for four different time periods (3, 12, 20 , and 48 h) to determine whether, given sufficient time, all cells did indeed polarize on both types of substrates. After each time point both the PDMS substrates containing topographical and chemical features were fixed with 4% paraformaldehyde (Sigma-Aldrich), 4% sucrose (Fisher) in PBS for 20 min. This was followed by permeabilization with 0.1% Triton-X100 (SigmaAldrich) in 3% goat serum (Sigma-Aldrich) in PBS for 20 min, and blocking for 1 h at 37°C with 3% goat serum-PBS. Samples were incubated with antibodies for tau-1 (axonal marker) (Chemicon, Temecula, CA, 1:200) in 3% goat serum overnight at 4°C, followed by incubation with fluorescently labeled secondary antibodies (Alexa 546-conjugated, Molecular Probes) for 6 h at 4°C. DAPI staining was then used to distinguish cells from debris. Samples were then mounted with a 1:1 glycerol:PBS solution, inverted, and imaged using an Olympus IX70 fluorescence microscope. To determine whether the criteria defining polarization was met, cells were imaged first using DAPI, then in phase contrast (to determine number of neurites and neurite lengths), and finally were imaged using the anti-tau-1 antibody.
Based on published criteria, a hippocampal cell is defined as being polarized (stage 3) when one of its neurites stains positively for tau-1 11, 20, 35, 41, 48 and is at least 15 lm greater than all of the remaining neurites. For each substrate, five random images were obtained and the number of polarized cells and total number of cells were counted.
Statistics and Error Propagation
For statistical and error purposes five randomly selected images were acquired for each substrate and time point. Statistics for both the total number of cells and polarized cells were calculated. This includes the averages and standard deviations for each of these populations. Error for fraction of polarized cells was determined using error propagation. For this case, the error for fraction of polarized cells, r F.P, was determined by:
In Eq. (3), r p , r n, p, and n are the standard deviation for the polarized cell population, standard deviation for the total number of cells, the average number of polarized cells, and the average total number of neural cells, respectively.
RESULTS AND DISCUSSION

Computational Results
Our computational results show that for a given chemical concentration as the topographical feature size increases, the probability of observing polarization on the topographical substrate increases up to a critical point. Above this critical point, which is marked by the effective characteristic length l* of the neurites, the neuron perceives the topographical substrate as a planar surface (Fig. 3 ). This is indicated by the behavior of the system at several characteristic lengths, l*, as shown in Fig. 3 . We observed that the maximum polarization occurred at the feature size equal to the individual neurite's characteristic length, suggesting that the characteristic length provides a measure of the effective sensing radius of each individual neurite. Figure 4 depicts the effect of larger topographical feature sizes (i.e., ridge-to-ridge distance) on the overall behavior of the system. Again the functionality dependence of the axogenesis probability was investigated for different neurite characteristic lengths. Figure 4 shows that as feature sizes reach their asymptotic values the neuron effectively can no longer ''sense'' the topographical environment and thus chemical cues are predicted to induce axogenesis first. That is, as topographical feature size increases, so does the probability of axogenesis up to the given persistence length of the individual neurites. Beyond that persistence length chemical cues begin to dominate. This is quite interesting since there is no inherent bias in the simulation between chemical cues and topographical cues other than the cue-to-cue spacing in each scenario. Another interesting result of our simulation is that it models the dependence of polarization on the minimum filopodial step size, nmin. To capture this effect, we studied three distinct nmin values. These values were within the linear domain of filopodia lengths that are limited by buckling rather than by membrane resistance and diffusion. 38 The three nmin values were: the inflection point occurring between the ''limited by membrane resistance'' and ''limited by buckling'' domains (0.5 lm), the average value for the ''limited by buckling'' domain (1.0 lm), and the inflection point located between the ''limited by buckling'' and ''limited by diffusion'' domain (1.5 lm). Mogilner et al. found that the optimal actin bundle for filopodia protrusion occurred at this inflection point (1.5 lm). Figure 5 shows the results of our simulations at these three nmin values for two characteristic lengths, l* = 17.7 and l* = 110 lm. Our results demonstrate that at the larger nmin values, chemical and topographical cues become equally probable to induce polarization first. In accordance with previous simulations, the inflection point was observed around the values of the characteristic lengths for Fig. 5 . It is important to note that in all our simulations the probability that either topography or chemical cues wins always equals one. This is because our model assumes that at long times either topography or chemical cues will cause all neurons to undergo axogenesis. This is actually consistent with our own earlier observations that neurons were able to polarize after long times (~3 days) irrespective of the nature of the substrate.
Experimental Results
Experiments were performed to test the results of our simulations. Representative images of cells observed on the topographical (a) and immobilized NGF (b) substrates are provided in Fig. 6 . Figure 7 shows the fraction of polarized cells observed on topographical substrates containing a given feature size. The fraction of polarized cells for a given feature size was calculated by counting the relative number, vs. control, of polarized E18 hippocampal cells observed on a given feature size and dividing that number by the relative total number of cells polarized, vs. control, on both the feature size and NGF-immobilized substrates.
The NGF-immobilized substrate was prepared such that the surface concentration of NGF was equal to 0.11 ng/mm 2 . For the probability of polarization calculations cells were cultured for 20 h and control was just a PDMS substrate with PAA-azido coated surface. Results shown in Fig. 7 are qualitatively very similar to the computational results given in Fig. 3 . A direct comparison is shown for the two best simulations in Fig. 7 . At the initial nmin value of 1.0 lm, we discovered that the best correlation with experiments was for l* = 110 lm. This nmin value was found by Mogilner et al. to be the average length of filopodia whose lengths were limited by buckling rather than by membrane resistance or diffusion. For nmin = 1.5, we found a better correlation with experiments for l* = 110 lm.
We also performed a time-course experiment to determine whether both chemical and topographical cues result in 100% polarization of neurons at equilibrium. The data from this experiment were plotted as the fraction of polarized cells, defined as the average number of polarized cells in each sample view divided by the total number cells on any given substrate, against the incubation time, Fig. 8 . Figure 8 shows agreement with previous studies and also validates our hypothesis that all substrates asymptotically reach 100% polarization at equilibrium.
The results of our computational model provide a novel plausible basis for the topographical bias in neuronal polarization observed in previous studies 17, 18 and in our own recent experiments, Fig. 7 . Our simulations demonstrate good agreement with previous and new experiments and support the hypothesis that topographical microchannels (i.e., ridges) in the substrate regulate neuron polarization.
Although our model is able to mathematically match experimental data, our model has a couple of limitations. First, our model is focused on the cellular length-scale and is unable to capture molecular level mechanical or signaling events. A multi-scale modeling approach, incorporating our model with molecular events, is currently under development. Second, mechanical effects of the substrate are also beyond the scope of our model. Mechanical properties of substrates have been known to influence processes such as differentiation, growth rate, and development. 13, 16, 33, 46 These effects, through various mechanotransduction channels, will influence overall behavior and provide novel insights into neuron-matrix interactions. However, despite this assumption, our model provides a reasonable first order approximation to experiments showing that mechanical properties of the substrate are a second order effect in determining axogenesis in response to substrates having both topographical and immobilized chemical ligands.
Base on our results, experiments can be proposed that provide a more detailed and quantitative picture of cell-substrate interactions. First, larger topographical features need to be designed such that we can explore our hypothesis that at a sufficiently large feature size we will observe a maximum beyond which the probability for enhanced polarization in response to topographical features compared to chemical features will decrease. Detailed characterization of the surface to capture the homogeneity of chemical cues is also critical in developing more accurate models. It is our hope that by expanding this model and incorporating migration and signaling, we will not only improve the connection with experiments but also hope to identify novel targets for designing multi-functional substrates for rapid and efficient polarization of neurites.
CONCLUSION
Our computational model, rooted in recent developments in neural engineering and biomaterials, successfully describes experimentally observed trends in the interaction of neurons with functionalized substrates. Our model is not only able to reproduce existing experimental results, but it also successfully predicts results for novel experiments. The tight correlation between the computational model and experiments suggests that cue spacing is the major determinant for axon polarization. Additionally, we predict that the role of topographical spacing will peak around the characteristic length of the neurite and beyond this critical distance chemical cues will be as effective as topography. We hope that models such as ours will provide both experimentalists and theoreticians with new ideas to develop integrated and multiscale approaches to quantify the complex interactions between neurons and substrates in an effort to develop new biomaterials.
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